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Conformational analysis

Force field parameters used to describe the conformation of
coordination compounds involving transition metals are gen-
erally derived by a trial-and-error procedure, until a some-
how satisfying agreement between the calculated and obser-
ved conformations of a few members of a class of related
compounds is reached. It is shown in this paper that a more
general and less biased alternative is available, applicable to
many structures at a time. Genetic Algorithms will effectively
optimize force field parameters in an automatic way, on the
basis of a potentially exhaustive set of all the structural data
available for a given class of compounds. The feasibility of
this procedure has been demonstrated by the derivation of
force field parameters describing the conformational be-
haviour of tripod-Mo(CO); compounds [tripod =
RCH,C(CH,X)(CH,Y)(CH,Z), X,Y,Z = PR'R"’)] by simultane-
ous optimization based on the structure of ten individual mol-
ecules. With the force field parameters relevant to the or-
ganic part of these compounds taken from MM2*, the param-
eters involving contributions from the Mo center were refi-

ned. The agreement between observed and calculated
structures is characterized by an rms deviation of around 0.3
A for the ten structures contained in the data base. To assess
the validity of this approach, the conformational space of
CH3C(CH,PPh,)3;Mo(CO); was explored exhaustively. A con-
tour diagram representing the relative energy of the mole-
cule with respect to the rotational positions of its phenyl
groups was found to effectively reproduce the scatter of these
conformational parameters as earlier derived from an analy-
sis of 82 relevant compounds. — As a further assessment, the
conformational space of CH3;C[CH,P(0-Tol);]3:Mo(CO)s,
which was not included in the data base, has been analyzed.
It is found that the structure corresponding to the global
energy minimum corresponds to that observed in the crystal
with an rms deviation of only 0.3 A. The novel approach to
problems of this type — Genetic Algorithms had not pre-
viously been applied in this context — thus appears promi-
sing.

Introduction

The reactivity of ligand-metal templates is largely deter-
mined by their conformations. Homogeneous catalysis by
such templates has been shown to be strongly dependent on
even minor changes in the conformation as well as in the
conformational flexibility of the templates themselves.!]
Methods of predicting these conformational properties
would hence be of considerable practical importance.
“Understanding” conformations in the sense of being able
to model them would be a crucial step in any attempt to
understand homogeneous catalysis. In spite of the success
quantum chemical methods nowadays have to rationalize
and predict the properties of even relatively large ligand—
metal templates!?!], these methods are not yet in a state to
allow for an extensive conformational search in a practi-
cable amount of time. As an alternative, force field methods
have become popular since N. L. Allinger and his group
demonstrated how successful these methods can be. 15! At-
tractive as these methods are, they are hampered by diffi-
culties when applied to inorganic compounds, especially
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those containing transition metals. Not only is it the broad
span of coordination numbers and coordination geometries
accessible to one and the same type of metal which is at the
basis of these problems, but it is as well the lack of reliable
spectroscopic and thermodynamic data which would allow
for an appropriate assessment of force field parameters.
Nevertheless, inorganic chemists have successfully ad-
dressed conformational problems by force field meth-
ods7IB and have devised different strategies to overcome
the intrinsic difficulties. These methods rely by and large
on an educated guess of the relevant parameters and the
subsequent improvement of these initially chosen param-
eters by trial and error. The quality of the parameters is
generally judged by the accuracy with which the chosen set
of parameters will reproduce the structures of a few selected
examples of the class of compounds to be modelled. There
are two basic problems associated with this type of method-
ology:

(a) The structures which are used to assess the validity of
a specific force field approach are taken from solid-state
structure determinations. The approach of fitting force field
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parameters to these structures is acceptable as a tool of pa-
rameter evaluation only if it is shown that these structures
and the conformations represented by them reflect the “in-
ner” molecular potential of the compounds and are not sig-
nificantly influenced by the outer potential acting on the
molecular entities within a crystal.

(b) The method of just selecting a few structures and then
fitting the force field parameters on this reduced set of in-
formation by trial and error procedures does not appear to
be the state of the art with respect to the computing capa-
bilities now available.

In an attempt to understand the conformational flexi-
bility of zripod—metal templates, an alternative strategy has
been developed, which tries to make the maximum use of
the information contained in molecular structures as deter-
mined by solid-state crystallography.

With regard to the problem outlined under (a) above, a
statistical analysis of 82 structures containing the #ri-
pod—metal template CH;C(CH,PPh,);Co in compounds of
the type tripod—CoL, and tripod—CoL; was performed in
order to find out whether these structures might be taken
as an unbiased sample representing the inner molecular for-
ces, not largely disturbed by the crystal environment.P1!0]
Irrespective of the statistical tools used (factor analysis,
cluster analysis, partial least-squares, scattergraphs, neural
networks), the analysis showed that the observed confor-
mations are determined by the inner forces, and thus that
they correspond to local minima on the molecular energy
hypersurface. This result means that the conformations of
tripod—metal compounds as determined by X-ray crystal-
lography contain the information necessary for developing
an appropriate force field: it is a necessary condition for a
set of force field parameters to reproduce these confor-
mations as at least local minima on the energy hypersurface
described by it.

With regard to point (b) above, the task of deriving par-
ameter sets from the observed conformations that give the
optimal reproduction of the observed structures is a prob-
lem of global optimization. This class of mathematical
problem has not yet found a unique solution in applied
mathematics, nor is there a solution guaranteeing that the
global minimum will be found in a finite number of steps
in general. Nevertheless, several types of approaches exist,
the practicability of which has been demonstrated in quite
a number of optimization problems.l''1l'?l In the present
work, Genetic Algorithms (GA) have been used as the opti-
mizing tool. In this paper, we report how, by use of this
approach, sets of force field parameters may be automati-
cally derived from a structural database. Compounds of the
type tripod—Mo(CO); [tripod = RCH,C(CH,X)(CH,Y)-
(CH,Z), X,Y,Z = PR'R’’] serve as the specific example.
The quality of the parameter sets thus derived is assessed by
their ability to reproduce conformations as well as general
conformational patterns. It is further validated by the cor-
rect prediction of the conformation of a specific tri-
pod—Mo(CO); compound that had not been part of the
data basis.
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Data Basis

Compounds of the type tripod—Mo(CO); containing tri-
pod ligands RCH,C(CH,X)(CH,Y)(CH,Z) with up to three
different donor groups X,Y,Z = PR'R’’ are generally ac-
cessible by reacting (CH3;CN);Mo(CO); with the appropri-
ate tripod ligand.['311410S106] The structures of a number of
such compounds have been determined by X-ray crystal-
lography. 1311411510161 When this work was commenced, nine
relevant structure determinations had been reported!” re-
ferring to ten crystallographically independent molecules of
this type. To illustrate the overall structural characteristics
of this type of compound, Figure 1 shows two mutually
orthogonal projections of the structure of CH;C-
(CH,PPh;);Mo(CO);.

Figure 1. Two orthogonal projections of the solid-state structure of

CH;C(CH,PPh,);M0(CO);; the numbering scheme given is used
throughout the text

The constitutions of all the structural examples included
in the data base are given in Table 1.

In order to elaborate a force field description for this
class of molecules, the parameters involving bonds to the
molybdenum atom had to be evaluated from first prin-
ciples.The force constants describing the organic part of the
compounds on the other hand were taken from the well-
established MM2* force field.[1l!81 The force field param-
eters describing the force field interactions involving the
metal were incorporated as defined by the expressions given
in Figure 2. These parameters were in part refined by the
methods described below.

Refinement of the Force Field: Any refinement of the force
field will correspond to a search for the set (or sets) of pa-
rameter values that best reproduce the conformations pres-
ent in the data base as local or even global minima on the
corresponding energy hypersurface (surfaces). To perform
this search in an automatic way, the strategy of Genetic
Algorithms has been used throughout in this work. In the
realm of molecular modelling, Genetic Algorithms have al-
ready been used to scan an energy hypersurface for mini-
mum energy conformations. In the analysis and prediction
of the conformation of biological macromolecules, the in-
troduction of these algorithmic methods has in some cases
dramatically improved the validity of the predictions.[°1[20]
To the problem of conformational search on an energy hy-
persurface, an inverse problem exists: given the confor-
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Table 1. Compounds 1—10 and rms deviations between the conformations observed and calculated for the two different parameter sets

mm2f and mm2t, and rms deviation between the conformations as calculated on the basis of the two different parameter sets. Compounds

6 and 7, labelled with an asterisk, are two crystallographically independent conformations of CH;C(CH,PEt);Mo(CO); as found in one
and the same unit cell®

number formula RMSmmZ/' [A] RMSmer [A] RMSmrrlZ//r»;z;zZI [A]
1 CH;C(CH,PPh,);Mo(CO); 0.286 0.248 0.060
2 CH;C(CH,PBzIPh);Mo(CO); 0.417 0.357 0.190
3 CH;C(CH,PMe,);Mo(CO); 0.197 0.190 0.071
4 PhCOOCH,C(CH,PMe,);Mo(CO)s 0.585 0.581 0.061
5 CH;C(CH,PNap,);Mo(CO), 0.353 0.328 0.090
6* CH;C(CH,PEtPh);Mo(CO); 0.252 0.240 0.075
7* CH;C(CH,PEtPh);Mo(CO); 0.243 0.193 0.144
8 CICH,C(CH,PPh,);Mo(CO); 0.235 0.224 0.059
9 CH,C[CH,P(DBP),][sMo(CO), 0312 0.284 0.062

10 CH,C(CH,PEt,);Mo(CO); 0.248 0.235 0.074

mean 0.313 0.288 0.089

[al Abbreviations: Et: ethyl, Me: methyl, Bzl: benzyl, Nap: naphthyl, DBP: dibenzophospholyl.

Figure 2. Definition of parameters involving the metal center

[2l Colour codes of atom types shown for a fragment of 2 (see Table
1). — ™I Parameter types and corresponding potential terms applied
in the force field. — Abbreviations: E: energy; ky,: bonding constant;
r: bond length; ry: equilibrium bond length; k,: force constant for
angle bending; o/o,: angle/equilibrium angle; k,; —3): force constant
13 for torsion; w: dihedral angle.
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mations which correspond to — at least local — minima on
the energy hypersurface, a search on the hypersurface de-
fined by the force field parameters themselves should lead
to an optimized parameter set.>'1 With the efficiency of
Genetic Algorithms in mind, and with the given formal
logical analogy of these two problems, it appears natural to
apply Genetic Algorithms to adapt a force field to a set of
conformations. The formal logical complementarity of the
two problems, (a) to find an optimized conformation on the
basis of a given force field, and (b) to find an optimized
force field on the basis of given conformations, is illustrated
in Figure 3.

Figure 3. Complementary problems — analogous solutions

[l Adaptation of a conformation to a given force field. — [®) Adap-
tation of force field parameters to a given conformation

In case (a), the conformation — symbolized by a circle, a
square and a triangle, connected in a gear-like arrangement
— has to be changed such that it optimally fits into a given
pre-designed matrix, the structure of which is strictly de-
fined by the force field used. In case (b), on the other hand,
the conformation of the object is fixed and it is the matrix
which has to adapt its shape to the conformation presented
by the object, i.e. the force field parameters defining the
shape of the matrix have to be changed to this end. To solve
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these problems in both cases, even if they are logically
complementary an optimization procedure must be in-
voked.

To devise such a procedure, whatever form it takes, the
relative quality of a given approximation has to be defined
by some numerical qualifiyer that numerically represents
the overall performance of this particular approximation.
In terms of the language of Genetic Algorithms, this quali-
fier is called the “fitness value” of a given approximation.
In the case considered, the root-mean-square deviation be-
tween observed and calculated atom positions is a simple
and efficient qualifier and is therefore used throughout in
this work. An optimization procedure, whatever its form,
has then to find approximations which minimize the dis-
crepancy between observation and model, i.e., in the lan-
guage of Genetic Algorithms, to find approximations with
the optimal fitness values. Because of the a priori unpredict-
able shape of the hypersurface on which the minimization
procedure is performed, analytical methods based on differ-
ent types of gradients will not generally lead to the desired
solution. Purely stochastic methods, on the other hand, will
in principle solve the problem, albeit possibly only in an
infinite amount of time. With these Monte Carlo type pro-
cedures, the hypersurface is probed at random and finding
a solution basically relies on Cicero’s old statement: “Quis
est enim, qui totum diem iaculans, non aliquando conlineet
27221 Imagine how long it might take to find the highest
elevation in the Alps by this purely stochastic procedure. >3]
While completely deterministic analytical methods cannot
generally solve the problem and while, as described, stoch-
astic methods may be practically inapplicable, a combi-
nation of deterministic and stochastic strategies may well
be successful.

Genetic Algorithms may be seen as an algorithmic im-
plementation of both these principles.[?4125126] The termin-
ology associated with Genetic Algorithms is by and large
the same as that used in biology to describe the evolution-
ary process. As far as we know, the Darwinian principle of
“survival of the fittest” is based on two underlying basic
molecular processes: crossing over and mutation. The
higher the fitness of an individual within a given popu-
lation, the higher its chance of reproducing; the offspring
resulting from sexual reproduction will then have DNA
blueprints from the mother as well as from the father, which
will generally have fitness values well above the average. In
this way and by occasional mutations, sufficient diversity is
retained in each generation of a population such as to
guarantee dynamic evolution. On the other hand trans-
mithose DNA blueprints which have already led to a high
fitness of the parent individuals is at the basis of the evo-
lutionary optimization process and represents the determin-
istic part of it. Pieces of information which have already
been evaluated as being efficient are at least in part in-
herited and used in the next evolutionary optimization step.
To apply this evolutionary strategy to numerical problems,
a set of parameters for which the optimized values are to
be found is encoded as a binary string (Figure 4).
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Figure 4. Force field parameter refinement with Genetic Algo-
rithms

Generation t

Population :

00110100110011 member 1
01011101100010 member 2
member n

SELECTION
(t=t+1)

EVALUATION:
member
00110100110111
00011101100010

Population :

001101001 00f10 member 1
080111011 10011 member 2

member n

| _fitness value
2
5

CROSSING OVER

/\/MUTATION

fitness ~ RMS N
S

A “population” of such strings, each one representing a
set of parameters, is generated at random. The fitness of all
these parameter sets is then evaluated. For the problem at
hand, this means that the set of parameters is applied to
optimize the structures starting with the conformations as
represented in the database. The rms deviations (see Exper-
imental Section) between the structures as derived from the
force field approach and those in the database are calcu-
lated, and taken to assess the fitness value for this specific
set of parameters. This procedure is performed for all the
members of a population (Figure 4). To produce the next
generation with an intentionally increased fitness, those
members of the parent population that are already ranked
highly on the fitness scale are preferentially selected to re-
produce. Mating is simulated by switching the information
encoded in the binary strings, with the switching point be-
ing selected at random (Figure 4). By this crossover pro-
cedure, the population of the next generation is built up. To
increase diversity, point mutations — changing a 0 to a 1
and vice versa — are occasionally performed at random.
The procedure is then repeated to produce generation after
generation and it is generally observed that the fitness in-
creases from population to population. A typical result of
the application of this procedure to the problem at hand is
shown in Figure 5.

The dotted line represents the mean of the fitness values
of all precedent populations at a given generation. It is seen
that the discrepancy decreases exponentially. The lower
curve represents the overall fitness of each individual popu-
lation. It is seen that even after 160 generations, the fitness
is still able to change. The population is not stuck in a
niche, but is still capable of adapting. There is no guarantee
that the optimal set of parameters has already been found,
nor is there of course, by the very nature of the problem,
any guarantee that a unique solution exists at all. The in-
crease of the quality with which the best parameter set in a
generation reproduces the conformation in the database is
shown in Figure 5 as an overlay of the computed (grey) and
the observed (red) conformations of 2 as an example.

A great advantage of applying Genetic Algorithms as
minimizers stems from the fact that their algorithmic struc-
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Figure 5. Genetic Algorithms at workl#!
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[l The force field model is optimized such that the calculated con-
formations (i.e. grey) will reproduce the observed ones (i.e. red)
increasingly well. The dotted line represents the cumulated fitness,
which steadily increases as indicated. The average fitness of each
individual population is represented by the continous line.

ture is inherently parallel, and hence the time-consuming
steps (in the present case force field minimization of 10
structures) may naturally be distributed over the equivalent
number of processors in a parallel computing environment
(see Experimental Section). Yet another advantage may be
seen in the fact that Genetic Algorithms have no problems
in evaluating a whole subspace of solutions that will repro-
duce the observations equally well. Why should there exist
a subspace of solutions and not just one optimal solution
to a given problem? In the problem at hand, it is in fact to
be expected that there will be several combinations of force
field parameters, which — although individually numeri-
cally quite different — will reproduce the observations in
conformational space equally well. This is to be expected
owing to the fact that there are strong and sometimes even
linear dependencies between the parameters. Consider a tri-
angle with sides a, b, c. Given the length of the sides a and
b, the length of ¢ is as well determined by the angle sub-
tended between « and b as it is by the value for the distance
itself. In a force field approximation as applied the angle
as well as the distance would be determined by individual
potential functions for the angle and its deformation on the
one hand and the distance and its change on the other.
Trying to extract force constants for these two functions
from a set of observations of triangles would inevitably lead
to a multitude of solutions — in principal an infinite num-
ber of solutions — corresponding to the linear dependence
between the angle and the distance. All these solutions will,
of course, reproduce the observations equally well. While in
spectroscopy this problem has been well delineated and is
appropriately handled?”], molecular modelling as generally
applied does not bother about it. As far as the refinement
of force field parameters on the basis of a given set of con-
formations is concerned, the dependencies in parameter
space would be cumbersome to handle by analytical refine-
ment methods, while Genetic Algorithms would just pro-
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duce a collection of solutions that would all reproduce the
observations equally well.

With regard to the physical meaning of the parameters
derived by such a refinement, it is evident from the above
that individual parameters as such do not necessarily have
to have a definite physical meaning. It is only the whole
ensemble of parameters, which altogether have the physical
meaning that, fed into the appropriate force field program,
they will reproduce and hopefully predict conformations in
agreement with empirical observations. Nevertheless, it is
pleasing to apply, wherever possible, force constants that
have been assessed by independent physical methods, and
which then have a definite meaning even as individuals.
With this in mind, the Mo—Ccq stretching constant was
set throughout at a value taken from the literature (Table
2), as was the Mo—C—O bending force constant. 28?1 Two
parameter sets were finally refined (Table 2), with different
degrees of freedom. The set designated as mm2f has the two
aforementioned force constants at fixed values. The equilib-
rium distances and angles were set at the mean values ob-
served for the sample in all cases, except for the Mo—Cco
distance and the Mo—C—O angle, which were allowed to
refine while the corresponding force constants were held at
the fixed values (Table 2). Refinement thus mainly applied
to the different types of force constants (Table 2). In the
set of parameters designated as mmZ2t, the above set was
augmented by allowing the torsion potentials involving
contributions from molybdenum to refine (Table 2). This
set was created for several reasons. Firstly, it seemed of
interest to ascertain whether an augmented set of param-
eters would lead to a better refinement, as would in prin-
ciple be expected, and whether the refinement procedure as
applied would be able to converge on a set of values, even
though these parameters are not so well-defined by the vari-
ance apparent in the data set. (The variance of values refer-
ring to these parameters in the data set would not lead one
to expect that a stringent refinement would be possible at
all). The second reason for deriving an augmented set of
parameters was the curiosity to see how the introduction of
these additional potentials would influence the values of the
force field parameters common to both parameter sets. It is
seen that the individual values for bond stretching and an-
gle bending parameters are indeed quite different in both
sets.

If these two sets of parameters are now applied to the ten
compounds in the data base, to find the local minimum that
best corresponds to the observed conformation, the results
obtained (Table 1) are very similar for both parameter sets,
even though individual parameters are grossly different in
the two cases (Table 2). The rms deviation between ob-
served and calculated structures as defined above is consist-
ently somewhat smaller with the augmented force field
mm?2t than that derived using the mm2f approach (Table 1).
This applies to the individual structures as well as to the
sample as a whole (Table 1). With only a small difference
between the quality of fit obtained from force field calcu-
lations based on the mm2f parameter set and that based on
the mm2¢ set, the latter having 15 additional parameters, it
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appears that on statistical reasoning the set mm2f is built
on firmer grounds and should thus be preferred. Anyhow,
the rms deviation between the two conformations for each
compound obtained by applying one or the other set in the
force field geometry optimization is considerably smaller
than the rms of the difference between the observed and
calculated structures in each case (Table 1). To illustrate the
quality of fit obtained from the parameter set mmZ2f, Figure
6 shows an overlay of experimental and calculated confor-
mations of four examples taken from the data set.

Figure 6. Overlay of calculated (grey) and observed (red) structures
of compounds 1, 3, 5 and 6 (see Table 1)

The agreement is clearly quite satisfying. It may well be
that the predominance of (mainly repulsive) interactions be-
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tween the organic moieties of the ligands, which is charac-
teristic of tripod-metal templates, is largely responsible for
this degree of agreement. The conformations are thus domi-
nated by forces that have been thoroughly modelled for or-
ganic compounds. [4105]

If the parameters as evaluated here have the physical
meaning of reproducing the conformational behaviour of
tripod-metal compounds as a whole, the general trends and
regularities observed for these compounds must be reliably
reproduced by the force field approach. By analysis of 82
tripod-metal compounds™, it has been found that the tor-
sional positions occupied by the phenyl groups of the PPh,
donors of tripod ligands form a regular pattern when plot-
ted against each other in a type of scattergraph.”l This
analysis is shown in Figure 7 (black dots).[3%

Figure 7. Contour plot representing lines of equal energy as calcu-
lated for compound 1 based on the mm2f parameter set, with rela-
tive energies colour-coded as shown. The coordinates (¢) refer to
the rotational positions of the two phenyl groups of a PPh, group
in 1. The black dots represent experimental points based on the
analysis of 82 structures.”) Pictograms of torsion angles ¢ refer to
a projection of the molecule as presented in Figure 1 (left). For
each PPh, group, ¢,,+; and ¢,, follow each other when counting in
a clockwise sense referring to this projection. Grey lines represent
energetically feasible pathways for rotational reorientation

This scattergraph is projected onto a contour-line dia-
gram representing lines of equal energy as computed on the
basis of the mm2f parameter set. It is evident from Figure
7 that regions of low energy (1, 2) correspond to regions
which are densely occupied by experimental points. Regions
of high energy (6) are not occupied at all. Region 3 corre-
sponding to a two-ring flip transition!® is in contrast quite
densely populated. The contour plot shows that the energy
differences between the regions 1 and 2 on the one hand
and 3 are only small. Regions 4 and 5 correspond to one-
ring flip transitions.’) It has already been argued that the
extension of experimental points towards these regions indi-
cates the feasibility of one-ring flip transitions. The poten-
tial pathways for a rotational rearrangement of the phenyl
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rings at a PPh, grouphad already been delineated by lines
as shown in Figure 7. It is satisfying to see that the energy
separation between the regions 3 and 2 and the transition
point 4 is modest (roughly 10 kJ/mol), so that the free ro-
tation of such phenyl groups as observed by NMR even at a
temperature of —80°C finds is counterpart in the diagram.
Satisfying as the result shown by Figure 7 is, a more
specific validation of the force field approach as developed
would be the prediction of the conformation of a specific
compound that had not already been included in the data
set used to derive the force field. For this purpose, the con-
formational space available to CH;C[CH,P(0-Tol),];.
Mo(CO); (11) was systematically analyzed by the above
force field approach. It was not clear at that time that the
compound could be prepared and even structurally charac-
terized by X-ray analysis, and so it was especially satisfying
to find that the subsequently determined crystal struc-
ture(31 agreed exceedingly well with the structure obtained
as the global minimum from the force field calculations.
Figure 8. Overlay of the conformation of CH;C[CH,P(o-Tol),]s.

Mo(CO); as observed by X-ray analysis and calculated on the basis
of the mm2f set (global minimum)

Figure 8 shows an overlay of the conformation as ob-
tained from the conformational search (grey) and that ob-
served in the crystal (red). Irrespective of the parameter set
used (mm2f, mm2t), the global minimum was found at the
same place in conformational space. The rms deviation be-
tween the two model conformations amounted to only 0.11
A. The rms difference between the model conformations
and the conformation observed in the crystal is very small
as well (mm2f: 0.37 A, mm2t: 0.42 A)

The results obtained to date using this novel type of ap-
proach are sufficiently promising to warrant further investi-
gations along such lines. While, from the results presented,
it appears probable that the conformations of related mol-
ecules will be reliably predicted, it will be interesting to see
whether the calculated energy hypersurfaces are approxi-
mately on scale with experimental data. The application of
this method to problems pertaining to the conformational
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flexibility of #ripod—Mo(CO); compounds in solution
(forthcoming paper) should give an answer to this question.

In summary, a novel approach to the derivation of force
field parameters for metal-containing compounds is pres-
ented. It is shown that refinement of force field parameters
on the basis of solid-state structures can be efficiently per-
formed by the application of Genetic Algorithms. These al-
gorithms are robust and allow for the simultaneous refine-
ment of many force field parameters on an extended data
basis containing many structures. When applied to #ri-
pod—Mo(CO); compounds, the approach leads to models
with a high predictive power with respect to specific confor-
mations of these molecules, as well as to their overall con-
formational behaviour.
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Experimental Section

(a) Force Field Calculations.: In order to apply the methodology
of Genetic Algorithms to the problem of refining sets of force con-
stants, it is necessary to have the force field program available as a
source text. Since almost all modern force field programs are now-
adays only commercially available and are delivered to the cus-
tomer as executable files that will run only on a specific type of
machine, these commercial programs are of no help. Instead of
writing a whole new package for force field calculations,
YAMMPP2 a program set written by R. K. Z. Tan et al. in "C”,
which is available as a public domain source code, was used as the
core. The force field expressions implemented in this program were
changed to correspond to the potentials applied in MacroModels
MM2* 18] Test runs on a vast sample of different compounds were
performed with both programs to ensure that the results produced
by MacroModel and those produced by the modified YAMMP
program were numerically identical. Two converters which trans-
form the MacroModel data format into the YAMMP data format
were implemented and YAMMP was embedded in a number of
shells so as to allow its use on different types of single processor
machines (e.g. Pentium, SGI) as well as on different types of paral-
lel computing systems (Parsytec GC, CRAY T3E).

To evaluate the rms deviation between two structural models, the
mutual translational and rotational positions of the two models
were optimized by a least-squares procedure using in part the quat-
fit program of D. Heisterberg®3! and in part a program based on
the same algorithmic approach written by K. Allinger. The root-
mean-square deviation was defined as the square root of the sum
of the squares of the deviations between all n corresponding pairs
of atoms divided by the square root of n (hydrogen atoms were
included in these calculations throughout).

(b) Optimization by Genetic Algorithms: The force field param-
eter refinement was performed with the program GAPAO, written
in "C”", which uses functions from the PGA-Genetic Algorithm Pack-
age.’¥ These functions are fully parallelized and are based on the
Message Passing Interface Library.® This standard parallelization
platform is available for all types of Unix systems, even for a net-

699



FULL PAPER

J. Hunger, S. Beyreuther, G. Huttner, K. Allinger, U. Radelof, L. Zsolnai

work of Linux PC’s, and thus GAPAO has been installed on a Par-
sytec GC/Power Plus as well as on a CRAY T3E. Parallelization in
this case means that all the evaluations of the parameter sets —
implying the time-consuming energy minimizations of all the basis
conformations — are performed on different processors. This leads
to a tremendous economization of time and is thus another impor-
tant advantage of the optimization procedure as applied.

Different crossing-over types and different selection routines are
available.?#! In the cases reported, the approach of uniform cross-
ing-over has been used.*] To this end a mask of Os and 1s with
the length of the corresponding bitstring is generated at random.
Applied according to the crossing over probability this mask then
indicates which bits from the parents have to be taken to produce
offspring. This type of crossing-over turned out to be especially
useful in the treatment of large-scale parameterization problems.

The traditional “fortune wheel” selection type has been used as
the selection routine. > This type of selection means that the prob-
ability of a given bitstring to be chosen to produce an offspring is
proportional to its fitness value. Furthermore, an elitistic optimi-
zation strategy®®! has been adopted throughout, i.e. the best par-
ameter set found in a given population is always left unchanged
and taken into the next generation.

Evaluation was performed by energy minimization of all the
structures contained in the data basis. To this end, the function
KA MMOPTfct, written in C by K. Allinger, was used. The Po-
lak-Ribiére conjugate gradient minimization method ! 112l was em-
ployed and minimization was always driven to convergence (con-
vergence criterion: 0.01 Aliteration).

Parameters referring to force constants for bond stretching were
encoded in the range 0.0—2.0 mdyn/A. Parameters referring to
force constants for angle bending were encoded in the range
0.0—1.5 mdyn/(rad?). Torsional force constants ky;, k>, and k¢ (see
Figure 2) were encoded in a range between —1.5 and +1.5 kcal/
mol. The refined Mo—C—O angle (see Table 2) was optimized in
an interval between 170° and 180°; the Mo—C bond length was
allowed to refine in an interval from 1.7 A to 2.2 A. Different
subsequent runs were performed, each taking as its starting point
the best results of the foregoing process, gradually augmenting the
number of bits encoding the corresponding parameters in a step-
wise manner from 5 to 8, and thus improving the resolution of the
refined parameters.

Another way of overcoming the problem of discreteness in the
optimization process was to apply a “hill climbing heuristic” to the
best parameter set found and thus to locally optimize the corre-
sponding parameters. This feature is implemented in the GAPAO
program (GAPAO-h) by the strategy of altering or diminishing in
a stepwise manner one parameter after another in the best param-
eter set, such that the resulting rms deviations become smaller. This
is done until no further amelioration is achieved by such adjust-
ments.

The method as described lends itself to a principally unlimited
number of variations and it is a matter of experience to select ap-
propriate values for the size of a population, and for the rates of
crossing-over and mutation. This is exemplified in Figures 9a and
b, which refer to different refinement runs for the parameters
characterized by mm2f.

The rates of crossing-over and mutation were left unchanged for
the three runs shown in Figure 9, with values that were found to
be especially appropriate for the parameterization problem at hand
(values given in Figure 9). The size of the population was different
for the three runs. Not unexpectedly, the cumulated overall fitness,
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Figure 9. How to find the appropriate GA protocol. Parameters
used in the GA runs presented in a and b: crossing-over rate = 0.8,
mutation rate = 0.02

a
RMS [A]
0.50 T
Convergence of GA refinement
for different sizes of population
population size:
----- 44 - 64 — 128
0.40
0.30
50 100 150 Generation
b
RMS [A]
Occurence of the best individual observed
0.34 ll for different sizes of population
' : (colour code as in a)
0.33
0.32
0.31

50 100 150 Generation

which is the mean of all the previously assessed fitness values, im-
proves with the size of the population (see Figure 9a). However,
the real aim of the optimization is not to find the population with
the maximum overall fitness, but rather to find one member of a
population — from which ever generation — which is the fittest
individual of all, i.e. the search is aimed at the best set of force field
parameters. Figure 9b illustrates that of the three runs described,
the one based on a population of 60 randomly selected parameter
sets produces the optimal solution after about 60 generations, with
no better solution being found after more than 100 subsequent
generations. The run based on a population size of 128 obviously
takes far longer to converge. The run based on 44 individuals shows
rapid convergence, but appears to be stuck at a lower quality solu-
tion.

In summary, it may be said that quite some experience and in
some respects “green fingers” are needed to successfully apply Gen-
etic Algorithms. However, this statement applies to other methods
of global optimization as well and is not specific to the physical
model analyzed here.

Calculations were performed on a CRAY T3E-512 with 512
compute nodes (600 MFLOPS/processor, 128 MB/processor, 333
MHz) and a Parsytec GC/Power Plus-192 (192 Power PC 601, 80
MHz, 32 MB/processor).
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(¢) Conformational Analyses: The ¢/¢, contour plot of the PPh,
conformations in 1, as shown in Figure 7, is based on a grid search
with a resolution of 5° for each P—Ph rotation ¢ (a ¢ value of 0°
corresponds to an orientation of the phenyl ring perpendicular to
the plane defined by the three P atoms, see Figure 7). Due to the
C, symmetry of the phenyl groups, their rotation is periodic with
a period of 180°, thus leading to 36 X 36 = 1296 grid points to
describe one PPh, group. To account for the molecule as a whole,
the multitude of orientations accessible to the remaining PPh,
groups and to the chelate scaffolding have to be appropriately rep-
resented in the corresponding calculations. To this end, the torsion
of the scaffolding t!°! was uniformly set to starting values of 11° or
34°, respectively, leading to 2 X 1296 = 2592 starting geometries.
In these conformations, the rotational arrangement at the remain-
ing PPh, groups was set such that it corresponded to the regularites
derived from an extensive analysis of such compounds (T3 = 11°:
P35 = 36% Qus = 49% T3 = 34°% @35 = —50°, @y = —29°; for
the meaning of the numbers, see Figures 1 and 7).! (The confor-
mations of a molecule such as 1 are chiral in general; only one of
the enantiomers needs to be considered in the grid search due to
this mirror symmetry in conformational space.)

A total of 2592 starting geometries were generated by the pro-
gram confgenrub (written in "C” for that purpose) and then mini-
mized by the program bmin as included in Version 5.0 of the molec-
ular modelling software package MacroModel'®], using the force
field MM2* and the parameter set mm2f described above. In order
to evaluate the energy at each of the 1296 grid points, the rotational
positions at the selected PPh, group at P1 (the orientation of the
phenyl group as defined by the coordinate values of the grid point)
had to be fixed during minimization. This was achieved by the
technique of using a dummy atom, Du: A dummy atom was placed
at a distance of 1 A from the atom P, perpendicular to the plane
defined by the 3 phosphorous positions, in the direction pointing
towards the metal atom. Technically, this was achieved by imposing
3 restraints on its position: the distance P;—Du as well as the
angles P,—P;—Du and P;—P;—Du were fixed by giving them suit-
ably steep potentials. The torsion angles ¢, and ¢2 were kept at the
preordained values by imposing a corresponding restraint on the
relevant torsion angles Du—P;—C,,;,—C,,;,. Force constants as
applied for this purpose were: distances: 500 KJ/A2, angles: 9999
kJ/rad?, torsion angles: 9999 kJ/mol for k; (see Figure 2).

The refinement was performed using the Polak-Ribiere mini-
mizer with a gradient of 0.01A/iteration and a maximum of 500
iteration steps as the limiting criteria. No cut-off was set for non-
bonded interactions.

After minimization of each pair of conformations (two different
7 values, see above) calculated for every grid point, the one with
the lower energy was chosen to represent the energy (diagram in
Figure 7).

The final contour plot as shown in Figure 7 was obtained by
taking into account the isoenergetic enantiomeric conformation in
each case. The mirror symmetry of the problem is apparent by a
diagonal mirror plane characterizing the symmetry of the plot. The
plot2D option of MacroModel was used to prepare the contour
plot shown in Figure 7. The result of this procedure as depicted
was obtained using the mm2f parameter set. Repeating the same
procedure with the mm?2t set produced a contour plot with the same
overall characteristics.

A complete conformational search was performed for 11. To gen-
erate the starting conformations for the search, the rotations of the
tolyl groups about their P—C,,,, bonds were set at the initial values
of ¢ = —135°, —45°, 135°. These torsional positions were defined
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with respect to a dummy atom, the position of which was generated
as described above. The ¢ values refer to the torsion angle Du—P
—Cipso— CorthoMe-substituted)- 1he torsional arrangement of the cage
was set by assigning a value of 20° to each of the 3 torsion angles .

Combining the four predefined orientations of each tolyl group
in all possible combinations for the six tolyl groups present in the
molecule gives a total of 4 = 4096 starting conformations. In this
set, there are 16 (2*) conformations that occur only once because
of the Cz-symmetry of the molecule. The remaining 4096 — 16 =
4080 conformations occur in isoenergetic triplets. While physically
indeterminable, they differ in assigning the same values of the six
tolyl rotations ¢ to the P(o-Tol), groups at P1P2P3, P2P3P1 or
P3P1P2 in this sequence of cyclic permutations. Thus only (4096
— 16)/3 + 16 = 1376 starting geometries had finally to be taken
into account. Minimization was performed as described above,
with the criteria of a limiting gradient of 0.001A/iteration and the
maximum number of 2000 iterations allowed.

The calculations were carried out on two Silicon Graphics In-
digo®> MIPS R4400 workstations, 200 MHz, 128 MB RAM, op-
erating under IRIX 5.3.

Table 2. Parameter sets mm2t and mm2f. Refined parameters are

labelled with an asterisk
(a) Bond stretching

parameter set mm2f. . parameter set mm2t

ro [A] ko [mdyn/ A] 1o [A] ky [mdyn/ A]
Mo—-Cl1 1.99* 2.00 1.94%* 2.00
Mo—-P 2.53 1.98* 2.53 0.75%

(b) Angle bending

parameter set mm2f parameter set mm2t

ao [°] k, [mdyn/rad?] o, [°] k, [mdyn/rad?]
P—Mo—-P 83.70 1.18% 83.70 0.53*
Cl1-Mo—-C1 87.10 0.33* 87.10 0.39*
Cl—-Mo—P 94.90/175.90 0.1* 94.90/175.90 0.25*
Mo—-C1-0 173.0* 0.47 170.00* 0.47
Mo—P—-C2 119.0 0.29* 119.00 0.43*
Mo—-P-C3 114.50 0.02* 114.50 0.29*

(c) Torsion

parameter set mm2f parameter set mm2t

PRI SN B TR A kol ksl
P—-Mo—P-C3 0.00 0.00 0.00 -—0.90* —0.58* 0.71%
P—-Mo—P-C2  0.00 0.00 0.00 1.05* 0.26* —0.24
Mo—-P-C3-C3 0.00 0.00 0.00 -0.37* -—0.55% 0.11%*
Mo—-P-C2-C2 0.00 0.00 0.00 -—1.06* —0.19* 1.14*
Mo—-P-C3—H 0.00 0.00 0.00 0.72*  —0.92*% 1.20*

[l Tn kcal/mol.

11" See for example: '3 H. Brintzinger, D. Fischer, R. Muhlhaupt,
B. Rieger, R. M. Waymouth, Angew. Chem. Int. Ed. Engl. 1995,
34(11),1143—1170. — ' C. R. Landis, C. R. Halpern, J. Am.
Chem. Soc. 1987, 109, 1746—1754. — Ul G. Helmchen, S.
Kudis, P. Sennhenn, H. Steinhagen, Pure Appl. Chem. 1997,
69, 513—518.

2l G. Frenking, I. Antes, M. Boehme, S. Dapprich, A. W. Ehlers,
V. Jonas, A. Neuhaus, M. Otto, R. Stegmann, A. Veldkamp, S.
F. Vyboishchikov, in Reviews in Computational Chemistry, Vol.
8 (Eds.: K. B. Lipkowitz, D. B. Boyd), VCH Publishers, Inc.,
New York, 1996, p. 63—130
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